The Xinanjiang model has been successfully and widely applied in humid and semi-humid regions of China for rainfall-runoff simulation and flood forecasting. However, its forecasting precision is seriously affected by antecedent precipitation (Pa). Commonly applied methods relying on the experience of individual modelers are not standardized and difficult to transfer. In particular, the Xinanjiang daily model may result in obvious errors in the determination of Pa. Thus, a practical method for estimating Pa is proposed in this paper, which is based on a genetic algorithm (GA) and is estimated during a rising flood period. In the optimization process of a GA, Pa values form a chromosome, the root-mean-squared error between the observed and simulated streamflow is chosen as the fitness function. Simultaneously, the best individual reserved strategy is adopted between correction periods to avoid complete independence between each optimization process as well as to ensure the stability of the algorithm. Twenty-seven historical floods observed at the gauge station of the Shuangpai reservoir in Hunan Province of China are used to test the presented algorithm for estimation of Pa, and the results demonstrate that the proposed method significantly improves the quality of flood forecasting in the Xinanjiang model.
INTRODUCTION
The Xinanjiang model (Zhao et At present, the Pa of a storm flood can be determined by manual experience or be computed recursively using the Xinanjiang model within a daily routing period. However, traditional setting methods based on experiences have not been widely used in the actual calculation, due to the strong subjective consciousness involved and high demand of hydrological professional abilities required. Furthermore, even though the Xinanjiang daily model (DM) is frequently used in practice, the Pa obtained by this method is subject to a certain degree of uncertainty because of a long computation period and the difficulty in obtaining daily data. Thus, the Xinanjiang DM cannot guarantee high precision forecasting results. In the process of flood forecasting in practice, the Pa values need to be constantly adjusted manually at the beginning of the flood to ensure the simulated process is as close to the actual process as possible, which is a tedious real-time correction process.
Consequently, it is crucial to seek appropriate ways to obtain Pa or an automatic correction algorithm to modify Pa to improve the forecasting precision.
To improve the precision of Pa, this paper aims to exploit an intelligent algorithm in the real-time correction Herein, the GA is adopted in the real-time correction process to improve the Pa during a rising flood period. In the algorithm, the fitness function is based on the root-meansquared error (RMSE) between the observed and simulated streamflow from the starting time of the precipitation to the current time, aiming to improve the forecasting accuracy of flood volume as well as the consistency of the predicted process with the actual process.
XINANJIANG MODEL AND PA

Overview of the Xinanjiang model
The Xinanjiang model is a decentralized hydrological model composed of four sub-models: evapotranspiration, runoff generation, water source runoff division, and runoff routing.
To fully consider the effect of the spatial inhomogeneous of underlying surface characteristics and meteorological factors, the basin is divided into several sub-basins, and the total outflow is considered to be a linear superposition of the outlet flow of each unit basin. The structure of the Xinanjiang model is shown in Figure 1 • Long routing period homogenizes data distribution. after the last optimal process of time t e , the optimum result turns out to be the final result, and the optimal process comes to an end.
Fitness function
The fitness function of GA, which is the sole criterion to As for the current time t c , the objective function is described as:
where t 0 is the beginning time of flood forecasting, and it is also the beginning rainfall time; t c is the current time; Q o t is the observed discharge at time t; Q s t is the simulated discharge at time t and RMSE tc is the RMSE at time t c .
The fitness function of the GA is designed as the following equation:
where C is a positive constant that ensures the reasonableness of the fitness values. Here C ¼ max
It is apparent that the fitness function changes over time, and its amplitude contrasts with the error between the simulated and observed discharge process; the smaller the error of the simulated and observed discharge process, the higher the fitness of the individual.
Real number coding strategy
It is necessary to make the coding space consistent with the solution space appropriately. The selection of the encoding strategy affects the design of the GA operation, especially the crossover and mutation operator, which consequently determines the searching speed and convergent effect. The individual x i is described as:
where n is the population size. x i1 , x i2 , x i3 , x i4 , x i5 are respectively the initial upper layer soil moisture, lower layer soil moisture, deeper layer soil moisture, the soil moisture of the free-water reservoir, and the flow-producing area of individual x i .
Genetic operation
The GA is an evolutionary process involving selection, crossover, and mutation operations on the genes of individuals based on their fitness to generate better offspring, eventually attaining the optimal or near-optimal solution.
Selection: The offspring receives the superior genes from its parents by the selection operation according to the fitness value. Different selection operators may induce different progressive processes. The roulette wheel selection approach, as a genetic operator used in GAs for selecting potentially useful solutions for recombination, is adopted in the paper. Ranking schemes of the approach operate by sorting the population on the basis of fitness values and then assigning a probability of selection based upon the rank. The selection strategy ensures that the individual with the best fitness is most likely to be duplicated and the worst individual is also of a certain possibility to be selected. The probability of individual x i being selected is described as:
where f(x i ) is the fitness of individual x i . P(x i ) is the selection probability of individual x i .
Crossover: The crossover operation is the key to convergence in the GA and is performed on each mated pair of recombination genes with crossover probability. The crossover operation efficiently improves the global search ability of the algorithm. The common crossover operation includes single point, two points, uniform and arithmetic crossover. Compared with other crossover strategies, arithmetic crossover is more simple and effective for real code.
In this study, an arithmetic crossover is selected and is described as:
where x 
where random(0, 1) is the random result in the range [0, 1], the function Δ(k, y) returns a value in the range [0, y] and it approaches zero of an increasing probability with the increase of k.
where r is a random number in the range [0, 1], k is the index of current evolutional generation, K is the maximum evolutional generation, and λ is a parameter that determines the non-consistent level, which usually ranges from 2 to 5.
Design of GA parameters
The initial GA parameters are first preset and can be performed interactively based on the visual interfaces, the parameters include the population size, n; crossover probability, Pc; mutation probability, Pm; maximum iterations, K; and λ. The population size 'n' is designed in an appropriate scope to provide enough decision space as well as limit the computational burden, which determines the speed of the algorithm and the accuracy of the solution. Pc is the crossover probability, which is generally set between 0.5 and 0.8, Pm is the mutation probability, a large Pm is good for acquiring the optimum solution in an extensive search, but it may lose the best solution, so Pm is often set as a small number, between 0.001 and 0.1, λ is a parameter that determines the degree of dependency with the number of iterations. n ¼ 300, Pc ¼ 0.8 and Pm ¼ 0.04, K ¼ 500 and λ ¼ 2 are employed for each correction during the realtime correction process.
Consequently, the optimal process of each current period can be summarized as follows:
• Step 1. Set the GA control parameters: the population size, n; crossover probability, Pc; mutation probability, Pm; maximum iterations, K; and λ.
• Step 2. Initialize the population randomly. For current time t c , the optimal solution of the last period is reserved as an initial chromosome for the new optimal process.
•
Step 3. Evaluate the fitness value of each individual.
• Step 4. If k is equal to K, go to step 6; else, go to step 5.
Step 5. Execute the selection, crossover, and mutation operations of the individuals. k ¼ k þ 1, and then return to step 3.
Step 6. The individual with the best fitness value is selected as the optimal solution.
The flowchart of the modified procedure for Pa is shown in Figure 3 . Such reduction demonstrates that Pa modified by GA turns out to conform better to the actual process. Consequently, the simulated rainfall-runoff process with a lower deviation matches better with the actual process, as shown in Figure 5 and Table 4 . Table 4 lists the statistical information of the result for the simulated flood streamflows based on the Xinanjiang DM and the final modified results by GA for comparison. From Table 4 , we can see that although the simulated result using
Pa by DM is eligible to the total runoff volume and peak percentage error ratio of peak discharge within 10% illustrating excellent performance of the proposed algorithm.
All simulation results are qualificatory relative to the error of total runoff volume and only one is greater than 15%, but still under 20%. Furthermore, 20 of the 27 floods have an absolute percentage error ratio less than 10%. The results
from Tables 5 and 6 show that the proposed real-time correction algorithm for Pa based on GA performs efficiently, the proposed algorithm are able to improve the forecast accuracy of the Xinanjiang model and ensure the reliability and applicability of the forecast result.
CONCLUSIONS
Antecedent precipitation has a significant impact on the process of runoff production during a rainstorm, especially for peak discharge and total runoff volume. Thus, to improve the performance and accuracy of the Xinanjiang model for rainfall-runoff simulation and flood forecasting, one key step is to appropriately determine the value of Pa. This 
